In the return decomposition approach, unexpected equity return is decomposed into discount rate (DR) news and cash flow (CF) news, with the DR news directly modeled but the CF news calculated as the residual. This approach has a serious limitation because the DR news, given very limited predictive power, cannot be measured accurately enough to draw inferences on the relative importance of DR news and CF news in determining the time-series and cross-sectional variation of returns. To illustrate this point, we apply the approach to Treasury bonds that should have zero CF variance and zero CF betas. In contrast, we find that the variance of the "CF news" is larger than that of the DR news; and that bonds with longer maturities have higher "CF betas." Applying the approach to equity returns, we show that (i) the relative importance of CF variance and DR variance of the market portfolio is sensitive to the choice of forecasting variables; and (ii) for most forecasting-variable specifications, value stocks usually do not have higher CF betas. These results run counter to current evidence using the decomposition approach. We further decompose the CF news in the current literature into directly-modeled CF news and residual news; we show that opposite conclusions can be drawn depending on the nature of the residual news. We further reconcile our finding that value stocks in general do not have higher CF betas with the finding in a related litearture that value stocks have higher CF covariation with aggregate CFs. We finally provide a test suggesting that the lower CAPM betas of value stocks are unlikely to be DR-related.
Introduction
The seminal work by Campbell and Shiller (1988A) suggests that unexpected asset returns can be decomposed into two components: news about discount rates (DRs) and news about cash flows (CFs). Naturally, financial economists place keen interest in the relative importance of CF news and DR news -the two fundamental components of asset valuation -in determining the time-series and cross-sectional variation of stock returns. Relatively speaking, CF news is more related to firm fundamentals because of its link to production; the DR news can reflect time-varying risk aversion or investor sentiment. Their relative importance thus helps greatly to understand how the financial market works, and provides the empirical basis for theoretical modeling. 1 One popular approach in the study of the DR news and CF news is to directly model the DR news and back out the CF news as the residual component. As Campbell and Vuolteenaho (2004A) argue, "This practice has an important advantage -one does not necessarily have to understand the short-run dynamics of dividends. Understanding the dynamics of expected returns is enough." We call this the return decomposition approach in the rest of the paper. Using the return decomposition approach, some important conclusions have been drawn:
• The variance of the DR news is much larger than the variance of the CF news for the market portfolio, and the magnitude of DR betas is larger than that of CF betas at portfolio level. The combined evidence has been cited to support the claim that equity returns at the aggregate level are mainly driven by the time-varying risk premium.
• In a recent influential paper, Campbell and Vuolteenaho (2004A) find that, during the 1963-2001 period, value stocks have higher CF betas but lower DR betas than growth stocks do.
They conclude that (i) value stocks have higher equity returns than growth stocks because they have higher CF betas, and (ii) to calculate the cost of equity, the more important measure of risk is not the market beta, but the CF beta.
Despite the large number of influential articles published using this method and their important academic and policy implications, few studies question the robustness of this approach. This paper makes the first attempt to fill this void.
We argue that the return decomposition approach has an important limitation: the CF news could very well be a catchall for modeling noise. The two news components have to sum up to the total unexpected return and thus, the CF news, as the residual, depends critically on how well the DR news is captured. A missing state variable in the DR forecasting equation will show up on the CF side and change the relative balance of the two news components. It can change the relative variances and cause cross-sectional biases if the missing state variable is priced cross-sectionally in asset returns. We provide a simple theoretical example to show that omitting state variables can lead to misleading cross-sectional patterns of the betas, in which the trends of the DR betas and CF betas can be in opposite directions.
While model misspecification is always a potential problem any estimation faces, it is likely to be more damaging for the return decomposition approach. In a regular multifactor model, even if a factor is missing, we can still draw inferences about the specified factors despite increased noise, so long as the omitted factor is not correlated with the specified factors. In the return decomposition approach, because the major conclusions are drawn based on the comparison between the specified factors and the unspecified ones (i.e., the residual), the role of the missing factor could be crucial.
We can also restate the drawback of this approach in the spirit of Roll (1977) . Methodologically, this approach imposes a joint test on the relative importance of CF news and DR news and how well we predict stock returns. Given very limited predictive power, the DR news is unlikely to be measured accurately enough to test the relative importance of DR news and CF news in driving the time series and cross section of security returns.
To illustrate this point, we first apply the decomposition approach to Treasury bond returns.
The CFs of these securities are fixed: real interest rate shocks and inflation shocks can only be channeled into the nominal interest rate and affect bond returns. Therefore, unexpected returns are driven solely by the DR risk because they have no nominal CF uncertainty; the estimated "CF news" contains no actual CF news but is pure modeling noise. 2 Treasury bonds thus provide a unique opportunity to separate true CF risk from the noise due to our limited ability to forecast DR. If the decomposition approach is proper, we expect that the variance of the DR news far exceeds the variance of the "CF news"; that the DR betas are much larger than the CF betas (which should be zero); and that, cross-sectionally, longer-maturity bonds have higher DR betas but there should be no dispersion of CF betas.
In stark contrast, we find that the estimated variance of the "CF news" is larger than that of the DR news, and that the CF betas are larger than the DR betas. In addition, longer-maturity bonds have higher CF betas but lower DR betas. Because we know the so called CF news is in 2 Note in all previous studies in this literature CF news is always nominal. For equities, inflation risk can be classified as both DR risk and CF risk because both the nominal DR and expected future CF can increase with inflation. For Treasury bonds, however, inflation shocks can only affect the DR. Accordingly, nominal interest rate reflects expected inflation but bond nominal CFs are fixed. See Campbell and Vuolteenaho (2004B) who use this difference between equity and bond to study inflation illusion.
fact DR news in disguise, the evidence suggests that missing state variables in the DR forecast can induce misleading patterns and cause us to draw wrong conclusions regarding (i) the relative variances, (ii) the relative magnitude of betas, and (iii) the cross-sectional patterns of betas.
We then apply the decomposition approach to equity returns. Because, unlike Treasury bonds, equities have both DR risk and CF risk, we cannot cleanly separate the CF risk from modeling noise. Nevertheless, we can still examine whether the results in the current literature are sensitive to the choice of state variables. Campbell and Vuolteenaho (2004A) use the term spread (difference between long-term and short-term bond yield), the 10-year smoothed price-earning (PE) ratio, and the value spread (log book-to-market of value stocks minus that of growth stocks), which we call the benchmark case. We find the following patterns related to the benchmark case.
First, the benchmark case is sensitive to close substitutes, to updates, or to sample periods. As Campbell and Vuolteenaho (2004A) point out, the impact of a state variable is a function of its persistence. The dominant variable in the benchmark case is the 10-year smoothed PE ratio with autocorrelation more than 0.99, which raises serious stationarity concerns. Because the PE ratio is meant to capture expected returns, we thus replace the 10-year PE ratio by close substitutes that perform similar roles, including (i) 1-year PE ratio, which is less smoothed; (ii) dividend yield, which is more commonly used to predict equity returns; 3 (iii) the Dow Jones book-to-market ratio (e.g., Kothari and Shanken (1997) , Pontiff and Schall (1998) , and Lewellen (1999) ); (iv) the bookto-market spread (Liu and Zhang (2006) ), whose inclusion makes the (dropped) 10-year PE ratio insignificant but other variables more significant, and thus improves the overall explanatory power.
In all above cases we find that value stocks have lower CF betas. In addition, the 10-year smoothed PE ratio, which is from Shiller (2000) , has been updated by Shiller. Once we replace the old PE ratio with the new one, value stocks have lower CF betas even for the same sample period as the benchmark case. Further, even if we do not update the 10-year PE ratio, once we apply the return decomposition to the postwar period (instead of the full 1929-2001 period) because CAPM breaks down in this period (see Ang and Chen (2005) and Fama and French (2005) ), value stocks have lower CF betas. 4 Second, the CF beta trend from growth to value stocks is sensitive to alternative model specifications. We only present two cases in the paper: (i) the macro variables used in Petkova (2006) 3 Shiller (1984) and Fama and French (1988) find that dividend yield predicts equity return better than the earning price ratio does. Dividend yield (rather than PE ratio) is also used in many other studies related to the decomposition approach, including Campbell and Shiller (1988A) , Campbell and Mei (1993) , and Campbell and Vuolteenaho (2004B) . See also Keim and Stambaugh (1986) . Note the dividend yield is less persistent than the 10-year PE ratio. 4 Campbell and Vuolteenaho (2004A) emphasize that the inclusion of the value spread is crucial. Our evidence here suggests that the 10-year PE ratio is more important. that can intuitively explain the Fama-French factors; and (ii) the inclusion of cay Ludvigson (2001A, 2001B) ) and the risk premium factor and the volatility factor (Ludvigson and Ng (2005) ) that can largely increase the predictive power of equity returns. In both cases we find that the CF beta trend either is reversed or disappears. We further explore the variables in Goyal and Welch (2006) that have perhaps the most recent comprehensive list of variables that predict equity returns. It is fair to say that for most combinations value stocks do not have higher CF betas.
Third, if it is true that the CF beta is an important measure for calculating the cost of equity, then we expect the CF beta to be priced in most portfolios. We use the state variable specification in the benchmark case and calculate the betas for the 48 Fama-French (1997) industry portfolios.
We find that the CF beta is indeed priced for these portfolios, but in just the wrong way: we would conclude that portfolios with higher CF betas should be assigned a lower cost of equity, which is inconsistent with the systematic risk interpretation.
Finally, the relative importance of the DR news and the CF news of the market portfolio varies in a fashion similar to the cross-sectional pattern of the betas, depending on what state variables are included. For example, with monthly data, the benchmark case leads to the conclusion that the DR variance far exceeds the CF variance for the 1929-2001 period. Replacing the 10-year PE ratio by dividend yield leads to the finding that CF variance is slightly higher; replacing by either the 1-year PE ratio or the book-to-market ratio leads to the finding that CF variance is slightly higher for the post-1952 period; replacing by the book-to-market spread, even though it improves the predictive power of equity return, leads to the finding that the CF variance dominates for all periods.
A natural question is whether the results in the current literature are robust once we model both the CF news and the DR news directly. Such a procedure effectively separates the CF beta in the current decomposition approach into a direct CF beta and a residual beta. Given that dividend might be subject to corporate policies (Ang and Bekaert (2005)), we use two separate CF measures, dividend growth rate and earning return on equity, to calculate CF betas. Nevertheless, they give us identical inference: in the benchmark case, value stocks have both lower CF betas and lower DR betas, but higher residual betas. In other words, the results in the current literature are driven by the residual betas. Depending on whether the residual news represents CF news or DR news, opposite conclusions can be drawn, which further suggests the limitation of using this approach to draw meaningful conclusions.
How can we reconcile our finding that value stocks in general do not have higher CF betas using the decomposition approach with the finding in a related cash flow literature that value stocks have higher CF covariations with consumption growth (e.g., Bansal, Dittmar, and Lunblad not decompose the market. Second, the equity market return in CAPM might not represent the total wealth of the market (i.e., Roll (1977) ), while consumption growth is a more broad measure.
Third, consumption growth news, in equilibrium, must reflect both CF news and DR news of the market, while the return decomposition approach has different predictions on the two parts. For these reasons, the "CF news" in the two methods carry very different meanings, and thus it is not necessarily surprising to obtain different results.
We finally conduct a simple test that might shed light on the relative importance of CF news and DR news without relying heavily on the choice of state variables. The test is to see, as time horizon increases, whether value stocks gradually have higher cumulative CAPM betas. The intuition is that the cumulative impact of DR news will be washed out in the long run; in the limit, all risk is about CF risk (e.g., Hansen, Heaton, and Li (2005)). Because this test only calculates CAPM betas, it has the advantage that it relies little on how DR news and CF news are modeled. We find that, from 1-year to 15-year horizons, the pattern that value stocks have significantly lower CAPM betas is stable. This evidence does not support the hypothesis in Campbell and Vuolteenaho (2004A) that the lower CAPM betas of value stocks are DR related. We also provide a similar test and discussion on cumulative consumption-CAPM betas.
When concluding, we emphasize that studies in the return decomposition literature usually conduct extensive robustness checks. Because they choose state variables based on their priors, only limited attention has been given to the sensitivity of these choices. For example, Campbell and Vuolteenaho (2004A) provide robustness checks for many aspects of their model. They also show that the results in the benchmark case continue to hold in several alternative specifications (reported in their online appendix). Instead, we reach a different conclusion because our prior is that this approach must be sensitive to the choice of state variables. We provide a clear theoretical rationale on why this aspect of the robustness check could be vital. Our evidence supports this prior and suggests that serious caution needs to be exercised when interpreting the results from this approach.
The rest of the paper proceeds as follows: Section 2 provides theoretical discussions. Sections 3 and 4 examine Treasury bond returns and equity returns respectively based on the return de-composition approach, and then study direct CF measures. Section 5 interprets the results and reconciles with the current literature. Section 6 gives conclusions.
Theoretical discussion

Decomposition procedure
The idea that unexpected stock returns can be approximated by a linear combination of cash flow (CF) news and discount rate (DR) news dates back to Campbell and Shiller (1988A) . Campbell (1991) further provides the following decomposition of the unexpected return:
where r t+1 is the equity return and E t is the expectation operator at time t, ρ is a constant close to but lower than 1, and ∆d t is the dividend growth rate. We decompose the market portfolio following Campbell and Vuolteenaho (2004A). Thus, e t+1 is the unexpected market return, and e CF,t+1 and −e DR,t+1 are its CF news and DR news components.
For ease of presentation we suppress the time subscript when possible. The market beta is defined as
where e i is the return of asset i. It can be further decomposed into two parts:
where β i,CF and β i,CF are, respectively, the CF beta and DR beta for asset i.
In the empirical implementation, Campbell and Vuolteenaho (2004A) assume that a vector of state variables, z t+1 , evolves according to a first-order VAR (suppressing the constant):
with the equity return as its first element. It then follows that the DR news is
where λ = ρΓ (I − ρΓ) −1 , and e1 is a vector whose first element is equal to one and zero otherwise.
The idea is that, because the expected return is predictable (through the VAR system), any surprise in the current state variables will be incorporated into the expected return for every future period.
The cash flow news can then be backed out as the difference between the total unexpected return and the DR news:
It follows that
where Cov (e i,t , u t ) is a vector of covariance between firm i's stock return and the innovations in the state variables.
Following Campbell and Vuolteenaho (2004A) , two adjustments are made in actual calculation.
First, we use excess returns in the VAR and the calculation of betas. Second, we include one lag of the market news when calculating the betas in order to mitigate the stale-price problem (e.g., Scholes and Williams (1977) and Dimson (1979) ).
An ICAPM interpretation
Campbell (1993) derives an approximate discrete-time version of Merton's (1973) intertemporal CAPM. Based on that, Campbell and Vuolteenaho (2004A) show that
where r i,t+1 is the return for asset i, r f,t+1 is the riskfree rate, σ 2 M is the variance of the market portfolio, and γ is the risk-aversion coefficient. The above equation suggests that a conservative investor (with γ > 1) demands a higher expected risk premium on the CF beta than on the DR beta. Current theoretical models that study the equity premium puzzle usually assume that γ is larger than one (e.g., γ is between 7.5 and 10 in Bansal and Yaron (2004) ). For this reason, Campbell and Vuolteenaho (2004A) call the CF beta the "bad beta" and the DR beta the "good beta". The intuition is that a higher unexpected market equity return, if DR related, implies lower future growth opportunities (i.e., lower returns). If a stock has a positive DR beta, meaning that the stocks pays more when the market's expected future growth opportunity shrinks, it is welcomed by conservative investors and thus less penalized. One model restriction is that the ratio of the coefficient of the CF beta and of the DR beta is equal to γ, the risk-aversion parameter.
Implications
We can integrate the VAR system into the equation above to obtain
The equation indicates that the researcher has the discretion to choose a vector u t of state variables (factors). The rationale for the choice of any particular factor must come from sources outside of the model. In other words, the approach can only tell whether a particular factor has explanatory power, but is silent on why it matters. 5 The approach does differ from a regular multifactor model in the sense that no matter how many state variables are chosen, they must be combined into two components (i.e., the CF beta and the DR beta).
Because the CF news is backed out as the difference between the total return news and the DR news, it is inevitably affected by how the DR is modeled. In the following simple example we show that omitting stable variables can induce false cross-sectional patterns of CF betas and DR betas.
An example We assume that z t = [r m,t x t ] 0 , where r m,t is the market return and x t is a certain state variable that explains the equity return, and the VAR system is · r m,t+1
The system says that the market return is predicted by two state variables: the past return and x, and x is predictable only by its own lag. u 1,t+1 and u 2,t+1 are innovations in the return and x respectively. For simplicity, we also assume that cov (e i,t , u 2,t ) = 0. Then it can be easily shown that
where cov(e i,t ,u 1,t )
var(u 1,t ) is the market beta. What will happen if we omit the second state variable x? In this case the surprise in the market return will be y t = u 1,t + α 2 x t−1 , and the two new betas are
A comparison of the old and new betas suggests the following effects from omitting x: both the DR beta and the CF beta are changed, but in the opposite direction if α 1 > 0, which is the case in Campbell and Vuolteenaho (2004A) because equity return has positive autocorrelation. To understand this, we note that the omitted state variable will show up in the residual of the excess market return. This will change both the DR beta and the market beta, but not in the same direction because of the negative sign in the DR beta. The CF beta, as the difference between the market beta and the DR beta, will be in the opposite direction from the DR beta. Therefore, if an omitted state variable (factor) covaries differently with different stocks, ceteris paribus, it can induce false cross-sectional patterns for CF betas and DR betas -in this example in the opposite directions.
In general, the DR beta is a single number that measures the combined effect of all factors. The inclusion/exclusion of different factors, if they have different cross-sectional effects on stocks, will induce different cross-sectional patterns in the DR betas. The CF betas are also affected because they are backed out from the DR betas. 6 Similarly, it can also be shown that omitting a state variable can induce biases in the relative variances of the DR news and CF news, although the direction of the bias varies depending on additional assumptions.
While model misspecification is always a potential problem for any estimation model, this problem is likely to be much more severe in the return decomposition approach. In a regular multifactor regression, the omission of some factors will increase noise, but we can still draw inference on the specified factors if the omitted factors are not correlated with the specified ones. In the decomposition approach, the omission of state variables will directly affect both the DR news and the CF news, and the relative balance between them. Therefore, when the CF news is derived as the residual component, any conclusion drawn from the comparison of the CF news and DR news, in terms of either the relative magnitude of the variances or the cross-sectional patterns of the betas, could be unreliable because it is driven by the factors included.
Current literature This discussion has direct implication for the current literature. In the original studies of the return decomposition approach Shiller (1988A, 1988B) , both the DR and CF news are directly modeled. In most of the subsequent works, the CF news is usually backed out as the residual component. 7 This study only concerns the corresponding parts of these studies -they also explore many interesting questions that are outside of our concern. 8 We emphasize that the problems discussed here are all empirical. The return decomposition approach is intuitive and theoretically sound so long as the DR can be properly estimated through a VAR system. In the empirical implementation, remnicient of Roll's critique (1977), this approach imposes a joint test on the relative importance of the DR news and the CF news and the model's ability to predict returns. Given the small predictive power, the DR news is unlikely to be measured accurately enough to assess the relative importance of the DR news and CF news in determining the time series and cross section of returns. The gist of this study is to examine the sensitivity of previous drawn conclusions when the information set of predictive variables varies.
In the rest of this paper we examine the sensitivity of three patterns -the relative variances of the DR news and CF news, the magnitude of DR betas and CF betas, and the cross-sectional patterns of the betas -to different choices of state variables.
Treasury bond returns
We first apply the return decomposition approach to Treasury bond returns. For equity returns, the omission of certain state variables will yield an estimated CF news that consists of the true CF news plus the noise due to our limited ability to predict DR. For Treasury bonds, however, the nominal CFs are fixed. Any real interest rate shock or inflation shock can only be incorporated into the discount rate, and affect bond returns through that channel. That is, unexpected Treasury bond returns can only reflect changes in future DR, not nominal bond CFs. If we apply the return decomposition, the estimated "CF news" must be purely modeling noise. Therefore, Treasury bonds provide a unique opportunity to examine what happens if we have limited ability to predict DR.
We use a similar log-linear approximation as before:
though we know by definition that the first term, the "CF news,"must be zero. In addition, in the equation above we have adjusted the maturity to N periods, which means the DR news is equal to
where Campbell and Ammer (1993) show that, in the case of zero-coupon bonds, the following equation holds exactly (Equation A4 in their paper):
which says that the difference between unexpected bond return and DR news (i.e., CF news by definition) must be zero. It then follows that
where
In the rest of the study we will calculate the DR news using λ 1 .
Using the equation involving λ 2 makes little difference because ρ is a number very close to one. In any case we will calculate the CF news as the residual component.
We know the actual CF variance must be zero. Therefore, if the model is properly specified, the DR variance should far exceed the CF variance. In addition, the CF betas are expected to be close to zero and thus there should be no cross-sectional dispersion of the CF betas. Furthermore, bond portfolios with longer maturity are expected to have higher DR betas because of the discounting effect on more remote CFs (see Campbell and Vuolteenaho (2004A) for a similar argument for equities with more remote cash flows, i.e., growth stocks).
Results on Treasury bond returns are shown in Table 1 . In Panel A, we use the Ibbotson dataset covering the 1926:01-2002:12 period at the monthly frequency. We use the intermediateterm bonds as the bond market portfolio. 10 We employ a VAR system with the excess return of the bond market portfolio as the first element. The state variables used to predict bond returns are chosen following the literature: the term spread, the expected real interest rate, the expected inflation, and the credit spread (Baa over Aaa yield). 11 The expected real interest rate and inflation are estimated following Fama and Gibbons (1982) . 12 The R-squared of the VAR regression for the bond return prediction equation is about 2.7%, which is very close to that of the equity return prediction equation in Campbell and Vuolteenaho (2004A) (2.57%). The purpose of this exercise is to examine the patterns given the limited explanatory power of the return prediction equation. The consistency of the R-squared in the bond and equity return prediction equations makes the comparison between them reasonable.
In Panel A the CF variance is much larger than the DR variance. 13 This "CF news" is in fact the DR news that is not picked up by our VAR model specification. The fact that the CF variance, which is supposed to be zero, outweighs the DR variance suggests that model misspecification can play a crucial role in the relative magnitude of the two variances. Put differently, a conclusion based on the relative variances using this method might not be reliable.
In Panel B we calculate the CF betas and DR betas for three portfolios using the same bond indicate that the differences of these betas are highly significant. Therefore, the evidence seems to suggest that for the Treasury bond market the CF risk outweighs the DR risk, which is reflected in the magnitude of both the CF variances and betas; and that higher duration bonds have higher CF risk but lower DR risk. Of course, we know that all these patterns are false, because Treasury bonds have no nominal CF risk. These false patterns are all caused by our limited ability to forecast expected returns, which leads us to draw wrong conclusions.
To obtain the results above, we have used excess bond return, which is decomposed into the DR and CF news components. This procedure is different from that of Campbell and Ammer (1993) who use bond yield (instead of actual returns), decomposed into three DR news components. The procedure we use is proper for our purposes because it exactly matches what has been done to the equity returns in Campbell and Vuolteenaho (2004A): the realized excess returns are used, and the DR and CF news are separated. Using bond yields (instead of realized returns) will largely increase the predictive power, but the matter of interest is the patterns that emerge given imperfect predictive power on the DR. The consistent treatment on both equity and bond makes the comparison meaningful.
We have tried some alternative specifications: (i) replace the real interest rate and inflation with the nominal interest rate in the VAR system; and (ii) use bond returns instead of the excess bond returns. In all these specifications the CF news remains a significant component (compared to the DR news) and there is always a systematic cross-sectional variation of the CF betas.
The evidence from the Treasury bond market has direct implications on what we can infer from the equity market. The forecasting power, in terms of the R-squared, is very similar in both markets in our VAR regressions. There is no obvious reason to believe that the false patterns in the bond market do not show up in the equity market.
Equity returns
We turn now to the equity market. Unlike treasury bonds, equities have both CF risk and DR risk, and it is not easy to distinguish what portion of the estimated CF news is actual CF news and what portion is due to our limited ability to forecast expected returns. Nevertheless, consistent with the intuition from the bond market, we know that different information sets (for the prediction of the expected returns) could change the estimated CF news and DR news, and all subsequent conclusions based on the comparison between them. Therefore, here we alter the information set and examine (i) the relative variances of the DR news and CF news in the market portfolio, and
(ii) the cross-sectional patterns of the two betas. In the latter part of the paper we also attempt to model both DR news and CF news directly in an effort to separate actual CF news from modeling noise.
Variances of the market portfolio
Campbell and Vuolteenaho (2004A) use four state variables in their VAR system: (i) excess equity market return; (ii) the term spread; (iii) the 10-year smoothed PE ratio; and (iv) the value spread.
The first variable is necessary to decompose returns, while the others are optional. We call their combination of the state variables the benchmark case throughout the paper. Why does the PE ratio make so much difference? As Campbell and Vuolteenaho (2004A) point out, the importance of any state variable depends on the coefficient in VAR estimation and its persistence. In the benchmark case, the return prediction coefficients (the first row of Γ) are as
where r M,t is the excess return, T Y t is the term spread, P E t is the 10-year PE ratio, and V S t is the value spread. The coefficient for the PE ratio (-0.014) is not particularly high. However, this 10-year smoothed PE ratio is highly persistent: regressing it on its own lag yields a coefficient of 0.994 and an R-squared of 99.1%. As a result, the first row of λ, which considers the infinite sum, is [−0.398 0.011 − 0.883 − 0.284]; the PE ratio becomes the dominant factor due to its persistence.
Let's take a closer look at how the PE ratio works. The CF news is equal to
where e1 0 u t+1 is unexpected equity excess return and e1 0 λu t+1 captures how the shocks to the state variable vector, u t+1 , affect future equity returns. By construction, a shock to the PE ratio is highly correlated with contemporaneous equity return; in the meantime, it predicts one periodahead return with a small negative coefficient (-0.014), which is transformed into a large coefficient of -0.883 due to persistence. Clearly, ceteris paribus, the more persistent the PE ratio, the smaller the CF news. Given the little predictive power of the return equation (R-squared of 2.57%), very persistent state variables are needed to make the DR variance larger than the CF variance.
Of course, at least part of the persistence of the 10-year smoothed PE ratio is by construction.
This begs the question of what will happen if we replace this PE ratio by similar variables that also work as proxies for expected returns. In the third column of Panel A, we use 1-year smoothed PE ratio and find the CF variance at 0.09% and the DR variance at 0.16%; the two variances are much closer than the benchmark case. In the fourth column we use the dividend yield, which is more commonly used to predict equity returns (e.g., Campbell and Shiller (1988A), Campbell and Mei (1993), Campbell and Ammer (1993) , and Campbell and Vuolteenaho (2004b)), and find the CF variance at 0.14% and the DR variance at 0.12%. In the fifth column, using the book-to-market ratio (e.g., Kothari and Shanken (1997) , Pontiff and Schall (1998) , and Lewellen (1999) ) flips back to a higher DR variance.
In the sixth column we use the book-to-market spread, defined as the book-to-market of value stocks minus that of growth stocks. We use this variable because Liu and Zhang (2006) show that the value spread is less effective to pick up the counter-cyclicality of expected return. We find that the inclusion of this variable makes the 10-year PE ratio insignificant, which is subsequently dropped, while increases the statistical significance of every other variable. That is, the use of this variable (rather than the 10-year PE ratio) improves the predictive power of the VAR and is an intuitive proxy for expected return. Nevertheless, this specification leads to a CF variance at 0.36%
and a DR variance at 0.10%. We further add the corporate issue activity, defined as the 12-month moving sum of net issues by NYSE stocks divided by total market capitalization of NYSE stocks (Baker and Wurgler (2000)), to this specification in Column 7 because this combination gives the best predictive power at monthly frequency (R-squared at 3.5%). We find that the CF variance is still much higher. Table 2 because they show clearly how the approach works and its sensitivity. (2005)). Given the flip we observe in Table 2 , we are hesitant to draw any conclusion on this issue. Rather, the case in point is that the evidence provided through the variance decomposition approach might be sensitive to the state variables included. 14 The CF betas and DR betas we calculate are very close to those in Campbell and Vuolteenaho (2004A). 15 For the period before 1963, both betas decrease with size but increase from growth to value stocks. Combined, they can explain 45% of the cross-sectional return variation. In the period after 1963, the CF beta is relatively flat with size, while the DR beta decreases with size. On the other hand, the CF beta increases (and DR beta decreases) from growth to value stocks, but the trend is relatively stronger for the CF betas: they usually more than double from growth to value stocks. Therefore, in the cross-sectional regression, the CF betas will pick up the variation of returns from growth to value firms and the DR betas will pick up the variation from small to larger firms. Combined, they explain 50% of the variation, compared to the meager 2% by the CAPM. Based on the evidence, Campbell and Vuolteenaho (2004A) conclude that it is CF beta, not DR beta, that matters. The DR betas would have suggested that value firms earn lower returns, 1 4 We have also tried to include dividend growth rate into the VAR, and thus directly model both the CF news and DR news. In that case we find that the CF variance appears to be smaller than the DR variance in many occasions, but there are again flips depending on the state variables. 1 5 Our decomposed CF news and DR news are identical to those in Campbell and Vuolteenaho (2004A) (available on Vuolteenaho's website) up to the third decimal point. Because of the small variance of the excess return residual, our betas, defined as the covariance terms divided by the variance, are slightly different from those in Campbell and Vuolteenaho (2004A) at the second decimal point. Nevertheless the trends and conclusions are identical.
Cross
contrary to the actual return pattern.
Replacing the benchmark case with similar variables
While Table 2 highlights the importance of a persistent 10-year PE ratio in driving the time series results in the decomposition approach, Table 4 explores the same specifications for the crosssection. The standard errors reported in the table are obtained through bootstrapping with 2500 realizations. We focus on the post-1963 period because the CAPM breaks down in this period.
In Panel A we exclude the PE ratio from the benchmark case. The CF beta significantly declines from growth to value firms. For example, the CF beta for small growth stocks is 1.74, which shrinks to 1.44 for small value stocks. The difference of -0.30 is highly significant with a standard deviation of 0.07. The same trend holds for all other portfolios. In addition, the magnitude of the CF betas is much larger than that of the DR betas, consistent with the results in Table 2 that, once the PE ratio is excluded, CF variance appears to be more important.
In general, in order for value stocks to have higher CF betas, we find that both the 10-year PE ratio and the value spread must be included. Considering all the possible combinations of the variables in the benchmark case, in more than two-third of these combinations value stocks have lower CF betas.
Two patterns are noteworthy in the cross-sectional regression in Panel A2. First, the CF beta has a significantly positive coefficient, but it does not mean that value stocks earn higher returns because they have higher CF betas; in fact Panel A1 shows that they have lower CF betas. The coefficient is positive presumably because smaller stocks have higher CF betas. In other words, this positive coefficient is related more to the cross-sectional difference in size than to market-to-book ratio. Second, the R-squared is 52%, which is higher than that in the benchmark case. Therefore, the exclusion of the PE ratio does not lead to a drop in the cross-sectional explanatory power, but leads to a reversal of CF beta trend for value stocks.
In Panels B1-B4 we study various cases where the 10-year PE ratio is replaced by similar proxies for the expected return, including: (i) 1-year PE ratio; (ii) dividend yield; (iii) the book-to-market ratio; and (iv) the book-to-market spread plus the corporate issue activity. The rationale for using these specifications has been explained previously. For brevity we only report the cross-section pattern of CF betas, although in all cases the DR beta declines from value to growth stocks. In all sub-panels we observe a declining trend of the CF beta from growth to value stocks. Therefore, similar to Table 2 , the cross-sectional pattern is sensitive to minor specification alterations, but the pattern is more stable in this case as they all point to a declining trend of CF beta from value to growth stocks.
Finally, the 10-year smoothed PE ratio in the benchmark case is from Shiller (2000) , which has been updated by Shiller. We thus replace the old PE ratio with the updated one for the same time period covering the benchmark case. 16 The result, shown in Panel B5, indicates that the trend of the CF beta from growth stocks to value stocks is again reversed from the benchmark case. This finding is surprising because the two PE ratios are supposed to be the same. As can be seen in Figure 1 , the two time series are not identical but nevertheless track each other very closely with a correlation of 92%. How could two similarly persistent PE ratios (both with autocorrelation at 99%) yield opposite beta patterns? When the benchmark variables are used, the estimated return prediction equation (suppressing the intercept term) is reported in Equation (21).
The corresponding coefficients that consider how current innovations affect equity return, e1 0 λ, are [−0.398 0.011 −0.883 −0.284]. When we use the PE ratio from Shiller, the prediction equation is
Only the coefficient on the value spread is "largely" affected (from -0.013 in Equation (21) to cross-sectional betas drastically different from the benchmark case. We also find that with the updated benchmark case the R-squared has dropped sharply from 50% to 12%. In other words, even in the benchmark case, once we use the updated PE ratio, the trend of CF betas is reversed, and the explanatory power of the cross-sectional regression largely disappears.
Therefore, Tables 2 and 4 suggest that the benchmark case relies critically on a highly persistent 10-year smoothed PE ratio. This dependence is problematic because its persistence is at least partly by construction and it easily fails most stationarity tests. However, once this variable is replaced by similar but usually less persistent variables, then the time series results become unstable, and the cross-sectional pattern reverses. But this does not mean that a more persistent PE ratio is always more "helpful". The updated PE ratio is similarly persistent, but its minor impact on other state variables can also reverse the beta pattern.
Other state variables
The state variables in the first-stage VAR regression are meant to help predicting equity returns.
Given the large set of known variables that can predict equity returns, there is no obvious reason why we have to restrict to the variables in the benchmark case. In this subsection we examine whether the results for CF betas are sensitive to some of these alternative variables. While we experiment with many, we only present two cases that are representative and easy to interpret.
Panel A of Table 5 While not reported, we also experiment with the state variables from Goyal and Welch (2005) that seem to include the most recent comprehensive set of variables with somewhat predictive power on equity returns. It is fair to say that for most of the combinations, value stocks either have lower CF betas or do not have higher CF betas.
Direct modeling of the CF news
One question arises naturally. Given the drawback of the residual-based return decomposition approach, what will happen if we model both CF and DR news directly in the VAR? Such a procedure amounts to breaking the CF news in the current decomposition approach into the direct CF news and a model noise. We explore this approach using two different cash flow proxies:
dividend growth rate and earning on book equity (also called ROE, return on equity).
Dividend growth rate With dividend growth directly included in the VAR, we can revise our earlier log-linear approximation as follows:
where e DR,t+1 is the same as before. The residual variable represents the component of the unexpected return that is not captured by our modeled CF news and DR news. We adopt a separate VAR system for the dividend growth rate because the state variables that predict equity return do not necessarily predict dividend growth rate. 17 If we place the dividend growth rate of the market portfolio as the first component in the growth rate VAR, it can be easily shown that
where λ 3 = (I − ρΓ) −1 , Γ is the companion matrix, and t+1 is the residual vector. In addition,
we further decompose the CF news into e1 0 t+1 , which we call the current CF news, and e CF,t+1 − e1 0 t+1 , which we call the future CF news. Intuitively, the current CF news picks up the current innovations in the dividend growth rate and the future CF news picks up the impact of current innovations of the state variables on expected future dividend growth. We separate the two terms because the current CF news relies relatively less on the specification of the VAR system while the future CF news depends critically on λ 3 , and thus on the estimated coefficients of the VAR system.
Finally, we construct the residual component after the CF news and DR news are both considered.
In Panel A of Table 6 we report the betas for the 25 portfolios. We use annual data to mitigate the seasonality of dividend growth. The state variables in the DR VAR system are the same as those in the benchmark case. The state variables in the dividend growth rate VAR include dividend growth rate (of the market portfolio), market equity return, and dividend yield. These variables are included because of their ability to forecast dividend growth.
As is clear in the panel, value stocks have lower current CF betas and future CF betas, and thus lower total CF betas; they also have lower DR betas as found before. However, value stocks have higher residual betas. When the CF betas and the residual betas are combined, which is equivalent to modeling the DR news but backing out the CF news as the residual, the combined betas are higher for value stocks. The cross-sectional pattern of the CF betas is opposite to the benchmark case, while the pattern of the combined (CF+residual) betas is identical to the benchmark case.
This evidence indicates that the higher CF betas for value stocks in the benchmark case are driven by the residual news. When dividend growth rate is directly modeled, growth firms have higher CF betas and DR betas. 18 Of course, the residual news could represent CF news that is not captured in our model. A wide range of conclusions can be drawn depending on how much of the residual news is related to CF news. For example, in the benchmark case, the increasing trend of the CF beta from the growth stocks to the value stocks becomes clear only if we assume that more than 80% of the residual news is in fact unmodeled CF news. Otherwise we have to conclude that either there is no trend, or there is a decreasing trend. This exercise suggests the difficulty of drawing meaningful conclusions using the residual-based return decomposition approach.
We experiment with other state variable specifications in the dividend growth VAR, including adding cdy - Lettau and Ludvigson (2005) show that the variable predicts dividend growth. We find that our conclusion does not change.
Return on equity One critique of using the dividend growth rate as the cash flow measure is that it is subject to corporate policies and might be difficult to predict (e.g., Ang and Bekaert (2005)). There is another way to decompose returns and avoid using dividend-related measures.
In particular, let's pair the definition of equity return and return of equity (ROE):
where M t and B t are the market and book size of the firm respectively. Applying log linearization to the right hand side of both equations, subtracting the two equations, and iterating forward, one can obtain the following in the limit (see Vuolteenaho (2002) and Cohen, Polk, and Vuolteenaho (2003)):
where b t − m t is the log book-to-market. It further suggests that
where e t+1 is the unexpected equity returns as before. This equation is symmetric to Equation
(1) except that we have replaced dividend growth rate by ROE. Just like the dividend growth rate case, we assume that equity return can be predicted using a VAR involving the same state variables as in the benchmark case. In addition, ROE can be estimated using a VAR including ROE, excess equity return, and book-to-market. We use the merged CRSP-COMPUSTAT dataset to create a market portfolio and calculate the ROE and book-to-market of the market portfolio. When the book equity is not available in COMPUSTAT, we resort to Moody's book equity as used in Davis, Using ROE as the alternative cash flow measure yields the same inference as those using the dividend growth rate. In particular, value firms have lower total CF betas, lower DR betas, but higher residual betas. When the residual betas are combined with the total CF betas, which is equivalent to modeling CF news as the residual, we obtain the same results in Campbell and Vuolteenaho (2004A), i.e., value stock have higher combined CF betas. Again, the results in the benchmark case are driven by the residual betas.
Further robustness checks
Industry portfolios If the CF beta is important for the purpose of calculating the cost of equity, it should be priced in most portfolios. Thus far our tests center on 45 portfolios, most of which are sorted by size and market-to-book ratio. Such a procedure is, to some extent, subject to the criticism that the patterns might be driven by firm characteristics instead of systematic risks Titman (1997, 2006) ). One way to test the robustness of the CF beta is to investigate whether it is priced in the 48 industry portfolios defined by Fama and French (1997) .
We use the same state variables as in the benchmark case and the results are reported in Table   7 . We first calculate the CF betas and DR betas for each industry. To facilitate interpretation, we sort these industries into 16 cells by a two-way independent sorting of CF beta and DR beta. We then report the average returns of each cell in Panel A. While the patterns are not smooth, it is clear that industries with lower CF betas tend to have higher equity returns.
This observation is confirmed in Panel B, where we run a cross-sectional regression of the average excess returns on the two betas. The CF beta is priced in the wrong way: The regression coefficient is significantly negative, suggesting that portfolios with higher CF betas should earn lower expected returns and should be assigned lower costs of capital, contrary to the risk interpretation of CF betas. Table 8 , it turns out that this alternative procedure leads to dramatically different results -there is a clear decreasing trend of the CF beta from the growth stocks to the value stocks. That is, even if we use the same variables as in the benchmark case, the beta trend is reversed once we focus on the post-1952 data.
Post-1952 data
In addition, this reversed trend appears to be stable when other state variables are used.
Magnitude of ρ, data frequency, and conditional beta For brevity we discuss the following results without reporting. As in Campbell and Vuolteenaho (2004A), we provide further robustness checks in the following dimensions: (i) the magnitude of ρ, (ii) the data frequency; and (iii) conditional betas. We find that changing ρ does not change the results. We have results (Panel B of Table 5 and Table 6 ) indicating that using quarterly or annual data does not alter the conclusions.
In addition, we adopt a 36-month rolling-window to estimate the conditional CF betas and DR betas for each portfolio. We find the same conclusions.
Interpretation, reconciliation, and a final test
A growing literature, which we call the CF literature, shows that value stocks have higher cash flow covariances with aggregate cash flow of the market (e.g., consumption) than growth stocks do. In this section we provide some possible interpretations on our finding that value stocks in general do not have higher CF betas, and reconcile it with the CF literature. We then close the paper with a final test on DR risk and CF risk.
The original good beta bad beta model
Campbell and Vuolteenaho's (2004A) good beta/bad beta model is derived from a consumption CAPM in Campbell (1993) . Campbell intends to test the consumption CAPM without resorting to consumption data. Using a Epstein-Zin (1989) type non-expected-utility model, he shows that the expected risk premium of stock i, adjusted for a Jensen's inequality effect, is:
where γ is the relative risk aversion parameter and σ is the elasticity of intertemporal substitution.
That is, expected risk premium is driven by equity return's covariance with consumption growth (4c t+1 ) and with market equity return (r m,t+1 ). On the other hand, the Euler equation, combined with a dynamic budget constraint, suggests that consumption news can be written as a linear combination of unexpected market return and DR news:
Substituting this into the expected return equation and we obtain
= γCOV (r i,t+1 , e CF,t+1 ) + COV (r i,t+1 , e DR,t+1 ) .
In the end, consumption growth has been substituted out and the expected risk premium is only a function of CAPM beta, DR beta, and CF beta.
Interpretation and reconciliation
Why do we find that value stocks in general do not have higher CF betas? It is crucial to note that the market portfolio in the above derivation represents the total wealth, rather than the tradable equity, of the market. Therefore, one interpretation is simply the critique by Roll (1977) , namely that the market return cannot be measured accurately enough to test CAPM. The same critique applies to return decomposition: if the equity index return does not represent the market, then hypotheses on its components cannot be accurately tested either. 19 On top of that, methodologically, the return decomposition approach is a joint test on the relative importance of DR news and CF news and our ability to predict stock returns. Stated in the spirit of Roll (1977) , the DR news, given very limited predictive power, cannot be measured accurately enough to test the relative importance of DR news and CF news in the cross section of stock returns.
In addition, Campbell and Vuolteenaho (2004A) only decompose the DR news and CF news of the equity market portfolio. They do not decompose those of individual portfolios for a simple reason. As shown from the expected premium equation (33) above, an individual portfolio's covariance between its return and market CF news -no matter whether the return represents CF news or DR news at portfolio level -will be assigned a higher price of risk than the covariance with market DR news does. There is thus little reason to decompose the returns of individual portfolios.
In contrast, many studies in the cash flow literature, including Basal, Dittmar, and Lunblad growth data, and thus our discussion above also applies.
Further thoughts and a final test
Despite its drawbacks, the residual-based return decomposition approach has a potential advantage:
it might capture the current and future CF news in the return that might not be captured by current, direct CF proxies. The problem is that this approach is not reliable because it is a function of how well we can predict returns. There is, however, a test that might shed light on the relative importance of CF news and DR news without relying much on the choice of predictive variables. In particular, because a higher equity return, if it represents DR news, must imply a lower return in the future, the cumulative impact of DR news must be washed out in the long run. This intuition can be seen by rewriting Equation (1):
which says that the return shock, with its impact on all future discount rates considered, must be all CF news because the temporal variation of DR offsets each other in the long run; in the limit, the cumulative equity return must be all about cash flow news (see also Hansen, Heaton, and Li (2005) and Bansal, Dittmar, and Kiku (2005)). Such a relation applies to both individual portfolios and the market portfolio. Similarly, the dynamic budget constraint equation (Campbell (1993)) implies that
which says the shock on market return, with its impact on all future discount rates considered, must be all consumption news.
Because these two equations are essentially accounting identities, they should satisfy any asset pricing model. They thus suggest the following test: if we calculate CAPM beta using cumulative returns and consumption-CAPM beta using cumulative consumption growth, these betas should converge to CF-related betas as time horizon increases. Such a test relies little on how DR news or CF news is modeled; it considers both current information and updates on future expectations.
It also adds to the cash flow literature. Specifically, Basal, Dittmar, and Lunblad (2005) focus on CF news but is silent on DR news. Hansen, Heaton, and Li (2005) focus on long-run risk-return tradeoff, which is all about CF risk, but they do not show empirically how the DR variation in the short-run is washed out. Therefore, such a test might shed light on how the financial market prices securities regarding DR risk and CF risk. Table 9 reports results from such a test. In Panel A we report the cumulative CAPM betas for 1-, 3-, 7-, and 15-year horizons. The rationale is that the DR news in both individual portfolios and the market portfolio should be washed out in long horizons, and thus the long-term CAPM betas should reflect CF betas. Panel A shows, unfortunately, that value stocks have significantly lower CAPM betas for up to 15 years; there is no sign this trend is weakened or reversed in the long run. We report in Panel B the cumulative consumption betas from 1-year to 15-year horizons.
The cross-sectional patterns are messy and do not support the hypothesis that value stocks have higher long-term consumption betas.
Our evidence on cumulative CAPM betas could mean that equity index return and its components do not represent total wealth returns (Roll (1977) ); it could also be consistent with behavioral Our evidence on cumulative consumption-CAPM betas is consistent with Parker and Julliard (2005) who find that consumption-CAPM betas can explain the cross-section of stock returns but for no more than 3 years. 21 We present the results in Panel B as simple, baseline evidence -they are useful because they are from standard consumption models -with the understanding that more sophisticated considerations such as conditioning variables and cointegration might lead to different results. We leave those for future research.
Conclusions
The seminal work by Campbell and Shiller (1988A) provides a method where unexpected equity returns can be decomposed into cash flow (CF) news and discount rate (DR) news. In many subsequent studies that use this method, only the DR news is directly modeled, while the CF news is derived as the residual component. Some important conclusions have been drawn using this approach, including (i) that the variance of the DR news is larger than that of the CF news for the market portfolio and the DR betas are usually higher than the CF betas for portfolios, consistent with the claim that the time-variation of the equity risk premium plays a central role in driving aggregate returns; (ii) that value stocks earn higher returns because they have higher cash flow betas; and (iii) that, for the purpose of calculating the cost of equity, the more important measure of risk is the cash flow beta, not the total beta.
We argue that this approach should be followed with caution. While it is theoretically sound, in the empirical implementation it imposes a joint test on the relative importance of DR news and CF news and the model's ability to predict returns. Given small predictive power, the DR news cannot be measured accurately enough to assess the relative importance of the DR news and CF news in determining the time-series and cross-sectional variation of security returns. This critique is remnicient of Roll's critique (1977) but applies to the return decomposition.
To illustrate this point, we decompose the returns of Treasury bonds, which are supposed to have zero nominal CF risk and no cross-sectional dispersion of CF betas. In contrast, we find that the variance of the "CF news" is usually larger than the variance of the DR news. In addition, bonds with longer maturities, which are supposed to have higher DR betas but zero CF betas, have lower DR betas but higher CF betas.
We then examine equity returns. We first show that the relative importance of CF variance and DR variance of the market portfolio is sensitive to minor changes to the state variables that predict returns. We then show that for most combinations of state variables that are known to predict stock returns, value stocks do not have higher CF betas. These results run counter to those reported in the current literature using the same approach. We further directly model the CF news, which amounts to dividing the CF news in the current decomposition approach into a direct CF news and a residual news. We find that value firms have both lower cash flow betas and discount rate betas, but higher residual betas, indicating that the results in the current literature are driven by the residual news.
We proceed to reconcile our finding that value stocks in general do not have higher CF betas using the return decomposition approach with the finding in a related CF literature that value stocks have higher CF covariation with market CF. We conclude the paper with a test suggesting that the lower CAPM betas of value stocks in the post-1963 period are unlikely to be DR-related. Again we use the 6-month bond return as the market portfolio and calculate the betas for portfolios with maturity ranging from 12 to 120 months. In Panel C the "diff" columns report the differences of betas of two adjacent portfolios. In Panels B and C we report bootstrap standard errors from 2500 simulated realizations. We report the variances of the cash flow news and discount rate news, and their covariances for the equity market portfolio. The plus signs indicate the state variables that are included in the VAR model. Excess return refers to that of the equity market portfolio; term spread is the spread of the long-term over short-term taxable bond yield; 10-year PE ratio is the log 10-year smoothed S&P 500 price-earning ratio; Value spread is log book-to-market of value stocks minus that of growth stocks; 1-year PE ratio is the log one-year smoothed S&P 500 price-earning ratio; Dividend yield is the dividend-price ratio of the market portfolio; Book-to-market is that of the Dow Jones Industrial average; BM spread is the book-tomarket spread (Liu and Zhang (2005) ); stock variance is the sum of squared daily returns of S&P 500; corporate issue is the ratio of 12-month moving sums of net issues of NYSE listed stocks divided by the market capitalization of NYSE stocks. In Panel A the 10-year PE ratio is excluded; we reports discount rate and cash flow betas as well as cross-sectional regression coefficients. The risk-aversion coefficient γ is equal to the ratio of the coefficient on the cash flow beta and on the discount rate beta. In panel B1-B4 we report the cash flow betas when the 10-year PE ratio is replaced, in sequence, by (i) 1-year PE ratio, (ii) dividend yield, (iii) book-to-market ratio, and (iv) the bookto-market spread plus the corporate issue. The standard errors of the differences of the betas between large and small as well as value and growth firms are obtained through bootstrapping 2500 realizations. This We directly model both the discount rate news and cash flow news using two separate VAR systems. To avoid cash flow seasonality all variables are converted into annual frequency. The VAR to predict the discount rate include the same variables as in the benchmark case. We use two cash flow proxies: dividend growth rate and earning return on book equity (ROE). The VAR to predict dividend growth rate includes dividend growth rate, market equity return, and dividend yield; the VAR to predict ROE include ROE, market equity return, and book-to-market. For both cash flow measures, we further decompose the cash flow news into two components. The first is the residual of the cash flow prediction from the cash flow VAR, which we call the current component. The second is the rest of the cash flow news that considers the impact of the current innovations of state variables on expected future cash flow growth. Because we directly model both cash flow and discount rate news, they will not add up exactly to the return news, leaving a noise component. For all four news components -the current and future cash flow news, the discount rate news, and the news noise -we present the crosssectional betas. In addition, we present the cash flow beta (i.e., the sum of the current and future cash flow betas) plus the noise beta, which is equivalent to the cash flow beta if we model only the discount rate news but back out the cash flow news as the residual. Similarly, we also present the discount rate beta plus the noise beta, which is equivalent to the discount rate beta if we model only the cash flow news but back out the discount rate news as the residual. Panel A report the case for dividend growth rate; Panel B report the case for ROE. 
